To explore the reliability of a high performance brain-computer interface (BCI) using non-invasive EEG signals associated with human natural motor behavior does not require extensive training. We propose a new BCI method, where users perform either sustaining or stopping a motor task with time locking to a predefined time window. Nine healthy volunteers, one stroke survivor with right-sided hemiparesis and one patient with amyotrophic lateral sclerosis (ALS) participated in this study. Subjects did not receive BCI training before participating in this study. We investigated tasks of both physical movement and motor imagery. The surface Laplacian derivation was used for enhancing EEG spatial resolution. A model-free threshold setting method was used for the classification of motor intentions. The performance of the proposed BCI was validated by an online sequential binary-cursor-control game for two-dimensional cursor movement. Event-related desynchronization and synchronization were observed when subjects sustained or stopped either motor execution or motor imagery. Feature analysis showed that EEG beta band activity over sensorimotor area provided the largest discrimination. With simple model-free classification of beta band EEG activity from a single electrode (with surface Laplacian derivation), the online classifications of the EEG activity with motor execution/motor imagery were: >90%/∼80% for six healthy volunteers, >80%/∼80% for the stroke patient and ∼90%/∼80% for the ALS patient. The EEG activities of the other three healthy volunteers were not classifiable. The sensorimotor beta rhythm of EEG associated with human natural motor behavior can be used for a reliable and high performance BCI for both healthy subjects and patients with neurological disorders. Significance: The proposed new non-invasive BCI method highlights a practical BCI for clinical applications, where the user does not require extensive training. M This article features online multimedia enhancements (Some figures in this article are in colour only in the electronic version)
Introduction
Many different disorders, such as stroke and amyotrophic lateral sclerosis (ALS), can disrupt the neuromuscular channels through which the brain communicates with and controls its external environment. Some severely affected patients with these disorders may lose all voluntary muscle control, including eye movements and respiration, and may be completely locked in to their bodies, unable to communicate in any way (Kotchoubey et al 2003 , Kubler et al 2001 . These kinds of disorders have a significant effect on the quality of life (QOL) for both the patients themselves and their families (Moss et al 1996) . A potential solution for restoring function to those with motor impairments is to provide the brain with a new, non-muscular communication and control channel, a direct brain-computer interface (BCI) for conveying messages and commands to the external world (Wolpaw et al 2002 , Pfurtscheller et al 2006 , Wickelgren 2004 .
Among the different techniques for decoding human brain signals for BCI communication, there are invasive methods using neuronal spikes (Carmena et al 2003) or local field potentials (LFP) (Scherberger et al 2005) , non-invasive methods using electroencephalography (EEG) (Wolpaw and McFarland 1994) , magnetoencephalography (MEG) (Kauhanen et al 2006) , functional magnetic resonance imaging (fMRI) (Laconte et al 2006) or near-infrared signal (NIRS) (Coyle et al 2004 , Sitaram et al 2007 and the invasive method of electrocorticography (ECoG) (Leuthardt et al 2006) . Although some invasive methods have achieved scientific success in terms of high-speed communication and possible multidimensional control (Andersen et al 2004 , Lebedev and Nicolelis 2006 , Donoghue 2002 ) in non-human primate studies, these methods are still far from practical clinical application because of technical difficulties such as the need for chronic recordings and, in particular, the balance between benefit and risk due to required surgical implantation of the electrode. Furthermore, as invasive methods have been investigated mainly in intact non-human primates, there is a large gap for the clinical applications as BCI is designed for paralyzed or locked-in human patients (Birbaumer and Cohen 2007) .
Among non-invasive methods, only EEG and related methods, which have relatively short time constants, can function in most environments and require relatively simple and inexpensive equipment, offering the realistic possibility for patients to use their brain signals to directly control external devices (Wolpaw et al 2002) . Several successful EEG-based BCI methods have been reported: a slow cortical potential-based thought translation device (Hinterberger et al 2004 , Birbaumer et al 2000 , Mu rhythm-based cursor control (Wolpaw et al 1991) and P300-based letter selection (Donchin et al 2000) . For the P300-based BCI, the communication accuracy may decrease significantly with time due to easy fatigue (Soyuer et al 2006) . Both slow cortical potential and Mu rhythm control methods require long-term training before subjects can attain robust communication or control (Wolpaw and McFarland 2004) . This significantly limits the clinical application of BCI since many patients with severe neurological disorders have difficulty tolerating long-term training (Birbaumer 2006) , in particular those with 'locked-in' syndrome.
Human natural voluntary movement is associated with at least two distinct types of scalp EEG changes. Event-related potentials or movement related cortical potentials (MRCPs) are slow, with dc signals developing in the bifrontal region as early as 1.5 s prior to movement (Shibasaki and Hallett 2006) . The MRCP amplitude is usually much smaller than the concurrent EEG background activity so that MRCPs are detected by averaging multiple events in the time domain and generally require at least 40-50 events to allow detection of the signal within the noise. The frequency changes occur in the alpha (8-13 Hz) as well as the beta range (15-30 Hz) (Crone et al 1998 , Alegre et al 2004 . There are two distinct power changes: event-related desynchronization (ERD) or power decrease seen in both alpha and beta bands that occurs up to 2 s before movement and is sustained with continuous movement (Bai et al 2005 , Toro et al 1994 ; and eventrelated synchronization (ERS) or power increase, usually only seen in the beta band and referred to as post-movement beta synchronization, occurring after the end of movement (Pfurtscheller et al 1998) . Although it may be possible to differentiate ERD from the activity of the resting state, the classification performance on a single trace is not satisfactory because of the existence of concurrent noise. Wolpaw's group provided a robust solution by controlling the amplitude of sensorimotor rhythms through extensive training (Wolpaw and McFarland 1994) , where subjects learned to control the amplitude of sensorimotor rhythm through feedback. Our goal was to identify a possible BCI solution that did not require feedback control of the rhythm so that extensive training would not be necessary. As the amplitude of ERS is larger than the amplitude during the resting state, and the amplitude of ERD is smaller than that of the resting state (Stancak and Pfurtscheller 1996) , the amplitude difference between the ERS and the ERD is larger than the difference between the amplitudes of the resting state and the ERD. The classification between ERD and ERS will therefore be more accurate and reliable than the classification between ERD and the oscillatory activity at rest state in single trials. However, post-movement beta synchronization is a transient and short-lasting EEG activity, which occurs only after movement. In order to classify human intention to sustain movement featured by ERD or to end movement featured by ERS, we proposed a new BCI method where subjects were asked to sustain or stop movement in a predefined window.
With the proposed new BCI method, we hypothesize that the ERD and ERS associated with physical movement can be reliably classified using a simple and robust classification method, where subjects do not need extensive training. The performance of the proposed BCI method was evaluated by offline testing and an online binary-cursor-control game for 2D cursor movement developed in a recent study (Kayagil et al 2007) . Furthermore, as ERS has also been reported after motor imagery (Pfurtscheller et al 2005) , we hypothesized that a high performance decoding/classification could be achieved during motor imagery alone. We investigated the reliability of the proposed method from nine naive healthy volunteers. For the purpose of practical clinical applications, we also investigated the robustness of the proposed BCI methods on a stroke survivor with hemiparesis and a patient with ALS.
Methods

Subjects
Nine healthy volunteers (five males and four females; mean age: 26.6 ± 5.2 years) participated in the study. One patient with stroke (male, 50 years) participated. He had developed a left-sided basal ganglia intracranial hemorrhage in 2002 with subsequent aphasia and right-sided hemiparesis. Residual symptoms included right-sided hemiparesis, gait impairment and flexion contracture of the right arm. Shoulder elevation, abduction and adduction were 3 and wrist extension was 0 on the Medical Research Council (MRC) rating scale. One patient (female, 39 years) with ALS participated in the study. She had difficulty in walking and ambulated with a walker. She had retained ability to use her upper extremities, but had difficulty with hand dexterity. Strength was 4 in wrist and finger extensors and flexors and 2 in thumb and finger abduction on the MRC rating scale. All subjects participating in this study were right-handed according to the Edinburgh inventory (Oldfield 1971) . The protocol was approved by the Institutional Review Board; all subjects gave their written informed consent for the study.
Experimental paradigm
Subjects were tested during two different sessions to examine the performance of the BCI algorithm using motor execution and motor imagery separately. During motor imagery, the investigator monitored the EMG activity continuously. Subjects were reminded to relax the muscle when EMG activity was observed, and trials with EMG activity were excluded both for the classification and analysis. Many of the normal subjects reported difficulty with the conceptualization of starting and specifically stopping motor imagery. We eventually adopted a task paradigm where subjects shifted in the 'No' condition from imagining movement to switching to a non-motor task such as reciting the alphabet or counting numbers mentally. This facilitated the subjective performance of imagery and enhanced the signal classification robustness. Each motor execution and motor imagery session was composed of an initial calibration step to isolate the optimal frequency band and spatial channels. Subsequently, the selected features and determined model parameters were used to test the subject while performing a binary-cursor-control game. Subjects were seated in a chair with the forearm semiflexed and supported by a pillow and instructed to suppress eye blink during the visual cue onset. The two sessions were performed continuously in a single visit. However, one healthy volunteer (HS 5) had a second visit and performed the same tasks as the first visit in order to test the robustness of the proposed BCI method. In the case of 'Yes', subjects were instructed to start motor execution or motor imagery when the first 'Yes' cue presented (cyan color) at the beginning of T1 window; when the color of 'Yes' cue turned to green at the beginning of T2 window, subjects were instructed to sustain motor execution or motor imagery. In the case of 'No', subjects were instructed to start motor execution or motor imagery when the first 'No' cue presented (cyan color) at the beginning of T1 window; when the color of 'No' cue turned to green at the beginning of T2 window, subjects were instructed to stop motor execution or motor imagery.
Calibration step.
During training, the subject watched a computer monitor placed 150 cm in front. The task paradigm consisted of visual presentation of two cues, either a cyancolored 'Yes' or 'No' (figure 1). The visual cue stimulus was displayed for a set period T1, followed by a color change of the cue to green. The second cue was displayed for a set period T2, after which the cue disappeared. T1 and T2 were set at 2.5 s each initially. The time interval between the end of T2 and the next T1 cue was randomly distributed between 3 and 4 s. The subject was instructed to begin repetitive wrist extensions of the right hand at the onset of the initial cue (the beginning of the T1 time window) with motor execution or motor imagery. At the time of the color change (the beginning of the T2 time window), the subject was instructed to continue movement/imagery with the 'Yes' cue or abruptly relax and stop moving with the 'No' cue. The stroke patient executed right-shoulder movement as he was unable to execute wrist extension. He performed imagined wrist extensions in the motor imagery session. Sustained repetitive movement execution is associated with a persistent event-related desynchronization (Alegre et al 2004) . Cessation of movement is followed by a beta band rebound above baseline power levels, i.e. event-related synchronization (Pfurtscheller et al 1998) . The rationale for the task paradigm was to maximize the difference between the power levels in a specified time window (T2) relative to the second cue to enhance classification. The EEG signal in the T2 time window was extracted to classify 'Yes' or 'No' intention; however, the signal in the first 1 s was not used due to the response delay. The EEG signal in the T1 time window was not used for the classification of 'Yes' or 'No' intention, although subjects performed repetitive wrist extensions during The cyan prompts are again followed by green prompts during which the subject responds. In this example, the user responds 'yes'. (f) Finally, the subject's response uniquely determines the cursor movement direction, and the mask is lifted while the cursor slides in the chosen direction.
The entire process (a)-(f) then repeats for the next cursor move, and so on until the target is obtained, the trap is hit or too many moves have been made.
the T1 time window. The movement/mental task in the T1 window was necessary to generate the beta band eventrelated synchronization to identify the 'No' intention in the T2 window. The accuracy of classification is highly dependent on the subject's ability to time the offset of movements in response to the cue. Due to a slower reaction time, the ALS patient required a longer interval and a delayed extraction period in order to capture the ERS period. T1 and T2 for the ALS patient were set at 3 s. The calibration procedure consisted of 30 'Yes' or 'No' stimuli with total duration of 3-4 min. The 'Yes' and 'No' stimuli were provided pseudo-randomly. The probability of 'Yes' and 'No' stimuli was the same. The calibration procedure was repeated three or four times. The initial one or two calibration sessions were not used to allow the subjects to learn the paradigm. The last calibration was used to determine optimal features and model parameters. Offline validation of the BCI performance was performed on the last two calibrations.
Binary-cursor-control game.
For the testing session, the subject used a task paradigm similar to that of the training session to control movements of a cursor on a grid as illustrated in figure 2. A brief description of the binary-cursor-control games is given here since the detailed design of the online binary-cursor-control game is given in (Kayagil et al 2007) . Subjects were instructed to move the cursor to the target and avoid a designated 'trap'. Cues were presented with the same duration as in the training session. Classification of 'Yes' and 'No' trials were used to direct binary decisions correlated with cursor movement. The cursor movement in the 2D grids was made from two sequential binary control decisions. In the first binary control, four directions were presented to the subject with the binary decision leading to a limited set of two directions for the next binary decision as illustrated in figures 2(b) and (c). In the second binary control, the final decision led to the movement of the cursor in only one direction as illustrated in figures 2(d) and (e). Therefore, each cursor movement was determined by two 'Yes' and 'No' detections, i.e. two sequential binary controls. The initial positions of cursor, target and trap were provided pseudo-randomly so that the number of detections was different in each game. The subjects played 5-6 games resulting in about 50-60 detections. However, the subjects were allowed 5-10 min to practice the game before the test.
In this binary-control game, subjects determined the path to reach the target using their own game strategy. From the example, the subjects may select to move to the left instead of to move upward in the situation shown in figure 2(a). It was also possible that the subjects selected to move to the right to the margin of the grids and then moved along the margin. Due to the various strategies, it was difficult to determine the cursor-control accuracy from the path of the cursor movement. Instead, in the case of motor execution, we used the EMG activity in the T2 window to interpret whether the subjects wanted to move to the 'Yes' or 'No' directions, and as a result, the control accuracy can be determined from the actual cursor movement. However, as there was no EMG activity in the session of motor imagery, we were unable to calculate the control accuracy by using EMG activity. We evaluated the success of the binary-cursor control with motor imagery by whether the subjects could control the cursor to reach the target. However, if the cursor was moved into the trap or the total number of moves reached the limit of five times of the possible shortest moves, the game would automatically stop. We considered the judgment of success of the binarycontrol with motor imagery to be a qualitative measurement. We provide a video clip to show an example of the binarycursor control with motor imagery in the supplementary material. The quantitative measurement of control accuracy was provided by an offline testing of a validation dataset.
Data acquisition and online data processing system.
EEG was recorded from 29 (tin) surface electrodes (FP1, F3,  F7, C3A, C1, C3, C5, T3, CP3, P3, T5, O1, FP2, F4, F8,  C4A, C2, C4, C6, T4, CP4, P4, T6, O2 , FZ, FCZ, CZ, CPZ, and PZ) attached on an elastic cap (Electro-Cap International, Inc., Eaton, OH, USA) according to the international 10-20 system (Sharbrough et al 1991) . Bipolar recordings of electrooculogram (EOG) above left eye and below right eye and electromyogram (EMG) from the right extensor were also obtained. For the stroke patient, EMG signal was recorded from the trapezius muscle to detect shoulder movement. Signals from all channels were amplified (Neuroscan Inc., El Paso, TX), filtered (0.1-100 Hz) and digitized (sampling frequency, 250 Hz).
The amplified analog signal was sent to a HP PC workstation and converted to digital signal from an analogdigital converter (National Instruments Corp., Austin, TX). The digital signal was online processed in a homemade MATLAB (MathWorks, Natick, MA) Toolbox: BCI to virtual reality (BCI2VR). The BCI2VR program provided both the visual stimulus for the calibration and the binary-cursorcontrol game as well as online processing of the EEG signal. The signal for decoding was extracted following the cues from visual stimulus. The online signal processing to decode movement intention consisted of three steps: (1) spatial filtering, (2) temporal filtering and (3) feature extraction and classification. The detailed explanation is given in the following paragraph.
Computational algorithm for decoding movement intention
Spatial filtering: surface Laplacian derivation (SLD) was applied, i.e. the EEG signal from each electrode was referenced to the averaged potentials from four orthogonal nearby electrodes (Hjorth 1975) . SLD operation enhanced the spatial resolution of local EEG potentials by reducing the volume conduction effect and also reducing the common reference effect (Nunez et al 1997) . Furthermore, the EEG feature of local synchrony, i.e. frequency power changes, could also be enhanced (Pfurtscheller 1988) , and as a result, the spatial difference following hand movements might be more discriminable.
Temporal filtering: the power spectral density was estimated from the extracted EEG signal in the T2 window (1.5 s long). The Welch method was applied with the use of Hamming window (Welch 1967) . The FFT length was 0.256 s resulting in a frequency bin width of about 3.9 Hz. The frequency bins from 0 to 60 Hz were used for feature selection.
Feature extraction and classification: an optimal feature was determined from EEG frequency power from the calibration dataset. The threshold for the discrimination of 'Yes' and 'No' was also set from the same calibration dataset. In the online game, the feature for decoding the movement intention was extracted and classified using the parameters determined from the calibration dataset.
Feature selection.
The frequency power of 29-channel EEG signal produced 16 (frequency bins) × 29 (EEG channels), i.e. 16 × 29 = 464 features. The separability of each of the 464 features was evaluated by the Bhattacharyya distance. The Bhattacharyya distance is the square of mean difference between two task conditions divided by the averaged variance of the samples in two task conditions so that a larger Bhattacharyya distance will lead to a better classification accuracy (Marques 2001) . The feature with the largest Bhattacharyya was selected for the classification of 'Yes' and 'No' intentions.
Threshold setting.
A model-free threshold method was used for the classification. The optimal threshold was determined from the receiver-operator characteristic (ROC) curve of the best-selected feature. Two hundred threshold values were evenly assigned in the range of the minimum and maximum values of the samples of the best-selected feature of both 'Yes' and 'No' intentions. The false positive rates and true positive rates were calculated according to each threshold. The ROC curve was plotted by the pairs of false positive rates and true positive rates, and the best threshold was determined by the ROC point with minimum distance to the upper-left corner, i.e. the point representing complete separability with 0% false positive rate and 100% true positive rate.
Offline data processing for neurophysiological analysis
Offline data analysis was performed in order to investigate the neurophysiology following the tasks of 'Yes' and 'No'. Because the task of 'Yes' was the same as the first part of 'No', only the data following 'No' task was analyzed. The calibration datasets of the last two sessions were used for analysis. Data processing was performed offline using the same MATLAB Toolbox of BCI2VR. Epoching was done with windows of −2.048 s to 6.144 s with respect to the first 'No' cue onset. Any epochs contaminated with face-muscle artifacts were rejected. Eye-movementrelated artifacts were removed using an auto-regressive model with exogenous input (ARX model), in which the diagonal EOG signal was used as the exogenous input (Cerutti et al 1988) . Approximately 60 artifact-free epochs in each subject were obtained. The event-related desynchronization (ERD) and event-related synchronization (ERS) was calculated for the 'No' case.
Because subjects performed sustained movement/motor imagery in the T1 window of the 'No' case as well as the T2 window of 'Yes' case, the ERD activities were similar between the T1 window of the 'No' case and the T2 window of 'Yes' case. Each epoch was linearly de-trended and divided into 0.256 s segments. The power spectrum of each segment was calculated using FFT with Hamming window resulting in a bandwidth of about 4 Hz. ERD was obtained by averaging the log power spectrum across epochs and baseline corrected with respect to −2.048 to 0 s.
Results
Neurophysiological analysis of ERD and ERS
The proposed BCI method in this study intended to discriminate the ERD, associated with sustained motor execution or motor imagery, from the ERS associated with stopping motor execution or motor imagery. In the calibration session, subjects performed motor execution or motor imagery during both the T1 and T2 windows following the 'Yes' cue, whereas subjects performed motor execution or motor imagery during the T1 window and stopped motor execution or motor imagery during the T2 window when the 'No' cue was presented. Therefore, the motor task during the T2 window with the 'Yes' cue was the same as that during the T1 window with the 'No' cue. The spatiotemporal analysis following 'No' cue was performed on the calibration dataset for both motor execution and motor imagery. All the healthy volunteers showed similar patterns. Figure 3 shows the timefrequency plot, head topographies of ERD and ERS for motor execution and motor imagery, respectively, from one of the healthy volunteers (HS5). The time-frequency plot of channel C3 over the left sensorimotor cortex is illustrated on the left. The first 'No' cue was delivered at 0 s. For the task of motor execution, the ERD or power decrease (blue color) was observed around 1 s after the cue onset because of the response delay and sustained during T1 window along with repetitive wrist extension. The ERD was seen in both alpha bands from 8 to 13 Hz and beta band from 15 to 30 Hz. The head topography of ERD in the frequency band of 20-24 Hz is illustrated to the right of the time-frequency plot. Strong ERD activity was observed on the contralateral left hemisphere over the sensorimotor cortex as well as less ERD activity over the ipsilateral right sensorimotor cortex. Compared with the ERD pattern, the ERS was short-lasting in time and narrow in frequency band. The ERS appeared around 4 s (in red color). The ERS was not sustained and disappeared before the end of 'No' cue at 5 s. Although the ERD activity was observed in both alpha and beta bands, the ERS activity was observed in beta band of 20-28 Hz only. The topography of ERS activity in 20-24 Hz is illustrated in figure 3 next to the ERD topography. The ERS on the contralateral left hemisphere was found over the sensorimotor cortex, whereas there was no ipsilateral ERS activity although there was ipsilateral ERD activity. The right three columns show the time-frequency plot, ERD topography and ERS topography during the motor imagery task. The time-frequency plot of channel C3P shows ERD in both alpha band from 8 to 13 Hz and beta band from 15 to 30 Hz, which was the same as that during the motor-execution task. However, the ERD amplitude with motor imagery was smaller than that with motor execution. Strong ERD activity on the contralateral left hemisphere over the sensorimotor cortex was observed in the ERD topography of beta activity of 20-24 Hz. Unlike the ERD topography with motor execution, the ipsilateral ERD activity over the sensorimotor cortex with motor imagery was not found, whereas there was large ERD activity over the supplementary motor area (SMA) in the midfrontal area. Similar to the ERS activity with motor execution, a short-lasting ERS activity in 22-26 Hz around 4 s after 'No' cue onset was also observed in the time-frequency plot of channel C3P, although its amplitude was smaller than the ERS amplitude with motor execution. Although the ERS activity was seen in the contralateral hemisphere over the sensorimotor cortex with motor imagery, ipsilateral ERS activity was also observed. For both motor execution and motor imagery, ERS activity was only observed in the beta band, whereas no alpha band ERS was observed.
The ERD and ERS activities with motor execution and motor imagery for the stroke patient are shown in the second row of figure 3. The time-frequency plot of channel C3 with motor execution depicted large ERD activity in both alpha (8-13 Hz) and beta (15-30 Hz) bands, which was the same as that of the healthy volunteer (HS 5). The temporal activity of ERS was observed around 4 s after the first 'No' cue onset. The ERD and ERS topographies of beta band (20-24 Hz) are illustrated to the right of the time-frequency plot. We observed ERD activity on the mid-central and ipsilateral right sensorimotor areas. In particular, the ERS activity was only observed over the mid-central sensorimotor area. We observed similar ERD and ERS activities during motor imagery. Compared with ERD and ERS activities of the healthy volunteer, the amplitudes of ERD were comparable between motor execution and motor imagery, and amplitudes of ERS were larger with motor imagery than those of motor execution. The ERS was also maximized over the mid-central area of CZ, which was the same as the motor execution.
The ERD and ERS activities with motor execution and motor imagery were observed in the ALS patient. Both ERD and ERS activities had later onset than the healthy volunteers and the stroke patients. We adjusted the T1 and T2 time window 0.5 s longer in order to capture the ERD and ERS activities for the ALS patient. In the time-frequency plots for motor execution and motor imagery, the ERS activities maximized about 5 s after the first 'No' cue onset. The ERD and ERS topographies show the activities in 20-24 Hz and 16-24 Hz activities for motor execution and motor imagery, Figure 4 . Determination of the best frequency band and EEG channel using the Bhattacharyya distance value indexing the feature separability. The best frequency band with highest separability was selected in beta band, and the best channel was selected on sensorimotor areas, which were consistent with ERD and ERS patterns. The best threshold for classification was determined at the point closest to the upper left point on the data of the best frequency and best channel. See details in the text.
respectively. We observed bilateral ERD activities on both left and right hemispheres over the sensorimotor cortex, where we observed ERS activity on contralateral left hemisphere over the sensorimotor cortex.
Feature selection and analysis
The best frequency bin and channel for the classification of 'Yes' and 'No' intentions were determined from the calibration data. Figure 4 shows the best selection result using the Bhattacharyya distance for HS5, the stroke patient and the ALS patient. Table 1 shows the best selection results for all the subjects participating in this study. The left column in figure 4 illustrates the channel-frequency plot of the Bhattacharyya distance, the middle column the topography of the Bhattacharyya distance of the best frequency band for the classification and the right column the ROC curve using the best frequency band and the best channel. A total of 29 EEG channels were recorded for the classification. The corresponding channel indices from 1 to 29 were Fp1, F3, F7, C3A, C1, C3, C5, T3, C3P, P3, T5, O1, Fp2, F4, F8, C4A, 16-20 16-20 24-28 20-24 20-24 24-28 20-24 20-24 Motor imagery Channel C3 C3P C1 C1 C3P C3 CZ C3 Frequency (Hz) 16-20 12-16 24-28 20-24 20-24 20-24 24-28 16-20 In the channel-frequency plot for HS5 with motor execution, the higher Bhattacharyya distance value was observed in beta band around 20-24 Hz on the channels C1 (index 5), C3 (index 6) and C3P (index 9). The higher separability between ERD and ERS in the beta band was consistent with the time-frequency plot of ERD and ERS demonstrating ERS only in the beta band, although the ERD was seen in both alpha and beta bands. The topography of the Bhattacharyya distance around 20-24 Hz shows that the best EEG channel for the classification was in the contralateral left hemisphere over the sensorimotor area. This result was consistent with the ERD and ERS illustrated in figure 3. Although there was bilateral ERD in both left and right hemispheres, the best channels for discriminating ERD and ERS were over the contralateral hemisphere since the ERS was only presented over the contralateral left hemisphere.
For the stroke patient, the best frequency band with the highest Bhattacharyya distance value was also in the beta band around 20-24 Hz for motor execution and 24-28 Hz for motor imagery. The higher separability of beta band activity was consistent with the ERD and ERS features shown in figure 3 ; both ERD and ERS were seen only in the beta band. The topography of the Bhattacharyya distance for beta band activity shows that channel CZ over the mid-central sensorimotor area provided the best separability, which was also consistent with ERD and ERS topographies of beta band activity.
For the ALS patient, the frequency band with the best separability was also the beta band: around 20-24 Hz for motor execution and 16-20 Hz for motor imagery. Both channelfrequency plot and head topography of the Bhattacharyya distance were consistent with the ERD and ERS features analyzed; both ERD and ERS activities were observed in contralateral left hemisphere over the sensorimotor cortex, where the higher Bhattacharyya distance value was also seen.
It is interesting that a large area of higher Bhattacharyya distance values over the contralateral sensorimotor cortex was observed. The reason might be that the ALS patient was very weak and needed more effort to produce motor execution which may have activated a larger area of the sensorimotor cortex.
Classification
The ROC curve on the right column in figure 4 shows the false positive rate and true positive rate with different threshold values. The best threshold as the operating point was determined such that the corresponding false positive rate and true positive rate was close to the upper-left corner with 0% false positive rate and 100% true positive rate, i.e. representing complete classification. With the best threshold, the false positive rate was <10% with true positive rate >90% on the calibration dataset for threshold setting. The test of robustness on an independent dataset from another calibration block was performed offline. The testing accuracy for HS5 was 86.7% as shown in table 2, which was close to the modeling accuracy for threshold setting. In the channel-frequency plot for HS5 with motor imagery, the larger Bhattacharyya distance value was also observed in the beta band around 20-24 Hz in channels C1, C3 and C3P, which were consistent with those of motor execution. The best channel for classification was C3P instead of C3 in motor execution. The ROC curve with motor imagery shows that the classification accuracy with motor imagery was worse than that of motor execution, i.e. a higher false positive rate. This is because the amplitudes of ERD and ERS for HS5 were smaller with motor imagery than with motor execution as illustrated in figure 3 . Similarly, the testing result on an independent calibration dataset shows lower accuracy than that of motor execution. However, data from three healthy subjects were unable to be classified for both motor execution and motor imagery. Their data were not included in table 2 and also excluded for the statistical analysis. Paired t-test was performed to compare the testing accuracy between motor execution and motor imagery from the remaining six healthy volunteers (HS1-HS6). The average testing accuracy was significantly lower (t(5) = 4.30, P < 0.01) with motor imagery (76.1 ± 5.8%) than that with motor execution (89.5 ± 7.7%). Using the determined best feature and threshold in the calibration, subjects participated in the online binary-cursor-control game. For each cursor move, there were two binary detections of 'Yes' and 'No'. The subjects completed a number of games with a total number of about 75 detections. For motor execution, the detection accuracy with the online game was calculated offline by the actual detection in the game and the EMG activity. The online game detection accuracy is shown in table 2.
The average game detection accuracy was 93.1 ± 6.9%. The online game accuracy was larger than that of testing on independent calibration dataset, although not significant (paired t-test, P = 0.14). For the online game using motor imagery, the testing accuracy was unable to be calculated because there was no EMG activity. However, all healthy subjects were successful at moving the cursor to the target. Supplementary video material is provided to show the actual binary-cursor-control game trace.
For the stroke patient, the testing accuracy on the validation dataset recorded in the calibration step with motor execution and motor imagery was high at 83.3% and 80%, respectively. The binary-cursor-control game trace is provided in the supplementary material. For the ALS patient, the testing accuracy on the validation dataset recorded in the calibration step with motor execution and motor imagery was high at 90% and 83.3%, respectively. The binary-cursor-control game trace is provided in the supplementary material.
In order to test the robustness of the proposed BCI method, HS5 performed the same motor execution and motor imagery tasks in a second visit. The calibration step and binary-cursorcontrol game was exactly the same as the first visit. The performance from the second visit is provided in table 3. The testing performance of the second visit was comparable with that of the first visit; a lower accuracy of 76.7% tested on the validation dataset with motor execution than that of the first visit (86.7%), but a higher accuracy of 83.3% than that of the first visit (76.7%).
Discussion
Beta Rhythm BCI associated with human natural behavior
The beta rhythm BCI demonstrates the importance of combining the appropriate motor task paradigm with the characteristics of the recording technique in order to optimize classification performance. By taking advantage of physiological signals associated with natural behavior, we are able to create a system for users to interact with the environment through motor execution or motor imagery. These techniques are possible with high performance in not only normal healthy volunteers, but more importantly, in patients with deficient movement.
There was little training required due to the robust physiological oscillatory phenomenon associated with routine simple movements. The reduced training time is particularly beneficial for patient populations who may have difficulty sustaining the mental effort and concentration needed for online feedback of sensorimotor rhythms. The system is highly flexible and adaptive to user-specific EEG patterns.
Brain-computer interface based on human motor control physiology
The beta frequency band has been implicated as important in various motor control processes including sensorimotor integration and motor learning (Andres and Gerloff 1999) . The identification of beta band frequency as the most robust classification range is physiologically sound. Although alpha ERS has been previously reported (Pfurtscheller et al 1996b) , there was no alpha ERS associated with this task paradigm. Furthermore, the classification procedure identified the largest index of separability between the binary conditions of movement continuation and cessation.
Adequate sampling over the whole head is critical for designing a physiologically sound BCI. A wider electrode sampling over the frontal and temporal regions allows for assessment of various artifacts such as eye blink or muscle activity that may contribute to spurious classification. Sampling the occipital electrodes allows for evaluation of occipital alpha effects on changes in Mu rhythm.
ERD and ERS during motor imagery
Performance of motor imagery was associated with the ERD and ERS in the beta band similar to that of motor execution, as has been demonstrated previously (Pfurtscheller et al 2005) . The ERS with imagery was similarly localized over the sensorimotor cortex, supporting previous findings that the ERS may be associated with the end of a movement rather than afferent feedback given the absence of feedback with motor imagery. Furthermore, motor imagery was easier to perform and provided more robust classification results for the two patients when compared to the normal volunteers. The high accuracy of performance also suggests a small amount of variance of both the ERD and ERS in patients. It is possible that the compromised movement in patients may enhance sensorimotor pathways associated with residual movement, giving rise to a larger population of activation and more robust signals associated with both execution and imagery. Alternatively, subjects with motor deficits may be more used to focusing attention on motor tasks including imagining movement compared to normal subjects. However, only two patients were investigated in the study. A future study with a larger patient population is needed to examine the above possibilities.
Signal processing and classification method for beta rhythm BCI
There is vast literature exploring signal processing and classification methods in order to improve BCI performance (see a survey (Bashashati et al 2007) ). The SLD was employed as the spatial filter for enhancing EEG spatial resolution because of its theoretical aspect (Nunez et al 1997) and previous evidence demonstrating efficacy (McFarland et al 1997) . For the feature selection, we employed the Bhattacharyya distance value to evaluate the separability of all frequency and channel features. The feature selection in this study was successful in terms of both physiology and classification performance.
For the classification, we employed a simple method of threshold setting on a single-channel-frequency feature. Using a single channel for the classification will have the benefit of a smaller number of electrodes in practice. The number of samples acquired in the calibration was not very large for the purpose of reducing calibration time. The modelfree model of threshold setting will be more robust than the statistical model-based method in the case of a small number of samples available, in which the model may be biased in the estimation (Vidaurre et al 2007) .
State-of-the-art signal processing and machine learning techniques may further improve the proposed beta rhythm BCI. We have performed modeling and classification with higher dimensional features. We found that the classification performance was improved. However, we need to determine drawbacks of higher dimensional features using a larger number of electrodes and possible larger calibration time compared with the simple classification method employed in the current study.
In this study, we used the power values of EEG activities in the T2 time window to classify the 'Yes' or 'No' intention. We have also tested the classification accuracy using relative power values, i.e. the difference between the power values of the T2 time window and the power values of the time window of 1 s before the T1 time window, which is usually regarded as the baseline in neurophysiological studies. These two methods provided comparable classification results. In order to reduce computational burden, we used the power values of EEG activities in the T2 time window for the classification.
Clinical implications
Due to the reduction in mental load, our BCI paradigm seems well suited for clinical application. Patients with stroke and ALS easily develop fatigue and may have difficulty sustaining long-term effort. Our ALS patient complained of fatigue and requested breaks throughout the recording every 10 min. Furthermore, adapting the parameters of the classification to the individual patient's motor task performance may be necessary. Due to delay in reaction time or speed of movement, changes may need to be made to identify the period of the greatest separability between ERD and ERS. Additionally, the spatiotemporal patterns of changes in the ERD or ERS may vary depending on the plasticity in cortical sensorimotor networks after stroke or with motor neuron disease. A large area of higher Bhattacharyya distance values over the contralateral sensorimotor cortex was observed in our ALS patient. The reason may be that underlying weakness from the disease required more effort to produce motor execution. The ERD patterns in our stroke patient had shifted from contralateral centroparietal to a more mid-central distribution. This may be explained by the more proximal movement involving the shoulder or additionally cortical map reorganization. More importantly, both patients were able to use the BCI system with high performance, highlighting the adaptability of the system. The beta rhythm braincomputer interface paradigm used in this study can be easily adapted to applications such as 2D cursor control or a spelling machine.
Performance of beta rhythm BCI
Overall performance with motor execution was better than that using motor imagery. This suggests that patients with limited but not complete absence of volitional limb movement may use this BCI for communication. Although only two patients were studied, future studies using a larger number of subjects should be performed. Using motor imagery, subjects were able to perform with good accuracy under fast transfer rates (total duration of T1 and T2 windows was 5-6 s to determine a binary selection (1 bit) and for 1 min there were 60/5 to 60/6 = 10-12 bits min
−1
). The transfer rate may be limited by speed of the response to cues in patient populations.
During the second visit for HS5, the accuracy of classification was less than that during the first visit. The subject subjectively complained of fatigue during the motorexecution session of the second visit. This suggests that even in normal subjects, attention to task is critical for the performance of the BCI.
Among the nine normal subjects who participated in the study, there was variability in the performance. Three out of the nine normal subjects were unable to control the BCI even with motor execution. Although ERD/ERS is observed in the majority of subjects, allowing for potential classification, some subjects may have no observed ERD/ERS or power changes of relatively small amplitude, makes classification difficult. Similarly as previously suggested (Pfurtscheller et al 1996a) , we need to improve the techniques including electrode placement and classification methods. It is also of interest to test whether these subjects can control their Mu rhythm after extensive biofeedback training. This may provide another choice of BCI, although extensive training is required.
